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Abstract
Purpose – The purpose of this paper is to examine the long memory property of equity returns
and volatility of emerging equity market by focusing on the Malaysian equity market, namely the
Kuala Lumpur Stock Exchange (KLSE).
Design/methodology/approach – The study adopts the Fractionally Integrated GARCH
(FIGARCH) model and Fractionally Integrated Asymmetric Power ARCH (FIAPARCH), focusing on
the Malaysian data covering the period from April 15, 2004 to April 30, 2007.
Findings – The study finds evidence of long memory property as well as asymmetric effects in the
volatility of the KLSE. The traditional ARCH/GARCH is shown to be insufficient in modeling the
volatility persistence. The FIAPARCH specification outperforms the FIGARCH model by capturing
both asymmetry effects and long memory in the conditional variance.
Research limitations/implications – The results of this study have practical implications for the
investors intending to invest in the emerging markets such as Malaysia. Understanding volatility and
developing the appropriate models are important since volatility can be a measure of risk which is
highly relevant in forecasting the conditional volatility of returns for portfolio selection, asset pricing,
and value at risk, option pricing and hedging strategies.
Originality/value – This study contributes in providing the empirical evidence on the long memory
property of equity returns and volatility of an emerging equity market with reliable estimation models,
which is currently lacking, particularly for emerging markets.
Keywords Malaysia, Emerging markets, Equity capital, Stock returns, Stock exchanges,
Long memory process, Fractionally Integrated Asymmetric Power ARCH, Stock market volatility
Paper type Research paper
1. Introduction
The presence of long-memory components in stock returns has important implications
for many of the financial economics paradigms. If stock returns display long-term
dependence, then they exhibit significant autocorrelation between the observations that
are widely separated in time. Since the series realizations are not independent over time,
realizations from the remote past can help to predict future returns, hence giving rise to
the possibility of consistent speculative profits. This is in contrast to the “martingale”
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or random walk-type behavior that many theoretical financial asset-pricing models
usually assume. The presence of long memory in asset returns contradicts the
weak-form market efficiency hypothesis which states that conditioning on past returns,
future asset returns are unpredictable. Therefore, optimal consumption or savings
portfolio decisions may become sensitive to the investment horizon. The existence of
long-memory properties in asset returns calls into question the reliability of linear
modeling and invites the development of non-linear pricing models at the theoretical
level to account for the long-memory behavior. Mandelbrot (1971) observes that in the
presence of long memory, the arrival of new market information cannot be fully
arbitraged away and martingale models of asset prices cannot be obtained from
arbitrage. As a result, Yajima (1985) concludes that if the underlying continuous
stochastic processes of asset returns exhibit long memory, then the pricing derivatives
by martingale models as well as the statistical inference concerning asset-pricing models
based on standard testing procedures may not be appropriate.
Owing to the theoretical and practical importance of this issue, extensive studies are
conducted on analyzing the long-memory properties of financial asset returns
particularly in major financial markets. Greene and Fielitz (1977) use the R/S statistic
of Hurst (1951) to test for the long-term dependence in the daily returns of 200
individual stocks on the New York Stock Exchange from December 23, 1963 to
November 29, 1968 and report evidence of persistence of the stock prices under review.
Aydogan and Booth (1988) also use the original R/S statistics to test for the
long-memory property in common stock returns. Lo (1991) uses a modified version of
the R/S statistic which controls the possible short-term dependencies in the data and
find no evidence in favor of long memory of the monthly and daily returns on Center
for Research in Security Prices stock indexes. In contrast, Ding et al. (1993) examine the
long-memory properties of several transformation of the absolute value of daily returns
on the Standard & Poor’s (S&P) 500 and obtain considerable evidence of long memory
in the squared and absolute returns. Crato (1994) uses the exact maximum likelihood
method of Sowell (1992) and finds no evidence of long memory for the stock return
series of the G-7 countries. By using both the modified R/S method of Lo (1991) and the
Geweke and Porter-Hudak (GPH) (1983) method, Cheung and Lai (1995) find no
evidence of persistence in several international stock return series. Lobato and Savin
(1998) test the presence of long memory in daily and squared returns on S&P 500 series
by using semi-parametric procedures. Their test results indicate no evidence of long
memory in the levels of daily returns but find existence of long memory in the absolute
and squared returns.
Despite the extensive literature on the long-memory properties of stock markets
prices in the developed countries, little has been done on the time series properties of
emerging markets asset prices. As pointed out by Harvey (1995) and Kilic (2004),
compared to the developed markets, the emerging capital markets (ECMs) such as that
of Latin America, Asia, the Middle East and Africa, exhibit higher expected returns and
volatility. Owing to the low correlation with the developed countries’ stock markets, the
unconditional portfolio risk of a global investor could be significantly reduced by
investing in the ECMs. The ECMs have attracted the attention from investors and
investment funds seeking to further diversify their portfolios as these markets provide a
new menu of opportunities for the investors. As these markets provide potential
diversification benefits to the investors, a complete characterization and understanding
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of the dynamic behavior of the stock returns in the ECMs is warranted. The ECMs
are likely to exhibit characteristics different from those observed in the developed
capital markets. Barkoulas et al. (2000) analyze the long-memory properties of weekly
Greek stock market data and obtain strong evidence of long memory in the conditional
mean process, a finding contrary to the results from the developed stock markets. One
may expect biases due to market thinness and non-synchronous trading that is possibly
more severe in the ECMs. Moreover, in contrast to the developed capital markets which
are highly efficient in terms of the speed of information transmission, investors in the
ECMs may tend to react slowly and gradually to new information. All this may lead one
to expect the ECMs stock returns to behave differently and have distinct properties
compared to those of the developed capital markets.
In the light of the above, this paper attempts to analyze the long-memory properties
of an ECM, namely, the Kuala Lumpur Stock Exchange (KLSE). This paper hopes to
contribute by enriching the literature on the assessment of the long-memory property
of the emerging equity market, which is relatively scarce at the moment. The rest of the
paper is organized as follows. Section 2 discusses the methodology to study the
long-memory properties of stock market prices which includes the concept, estimation
and testing procedures. Section 3 describes the data preliminary, followed by
Section 4 which reports the findings. Finally, Section 5 concludes.
2. Methodology
The presence of long-memory property or long-term dependence in a time series can be
defined in terms of the persistence of autocorrelations. In simple terms, long memory in
time series implies that there exist dependencies between distant observations.
In contrast, if correlations among observations become negligible at long lags, then the
series is said to exhibit short memory. The simplest method to investigate the memory
property of time series is by relying on the autocorrelation function (ACF) in which, for
the case of long memory, the ACF decays hyperbolically and eventually dies out. The
ACF for an I(0) process shows an exponential decay, while for an I(1) process, it shows
an infinite persistence.
Another approach to assess the existence of the long-memory property is through
the R/S statistics proposed by Hurst (1951) and later revised by Lo (1991). However, the
estimation method of Geweke and Porter-Hudak (1983) perhaps, has been the most
often used in financial research due to its ease of implementation. A major strength of
the GPH test is that it does not depend on any assumption about the underlying
distribution of the stock prices. However, an important drawback of the test is that it
only indicates whether there is statistically significant long-memory property in the
data, but does not provide any measure for the long memory itself. If statistically
significant long memory is detected in a series, it would also be of interest to estimate a
full parametric model for the data.
Therefore, a more appealing approach to detect potential long memory is perhaps to
estimate a long-memory model and test the statistical significance of the long-memory
parameter directly. This estimate of the long-memory parameter could then be used for
other purposes such as to see whether the detected long memory could be used
for more accurate forecasting. For this purpose, the most commonly used model is the
ARFIMA-FIGARCH model. The ARFIMA essentially analyses the conditional mean
of the time series, while the fractionally integrated generalized autoregressive
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conditional heteroscedastic (FIGARCH) focuses on the conditional variances. In the
context of this study, the FIGARCH is more relevant due to the following:
. since the data used represent index returns at daily intervals, it is possible to
have “stable” returns due to the components of index are not traded at the same
time; and
. the degree of predictability of the mean is marginal and has minor consequence
for the conditional variance.
In the following discussion, we summarize the idea behind the GARCH and FIGARCH
models, which is the method adopted in this study.
More formally, consider the univariate process for the stock returns, rt, as follows:
rt ¼ mt þ 1t ð1Þ
Engle (1982) defined an ARCH process, all 1t of the form:
1t ¼ ztst ð2Þ
where zt is an independently and identically distributed process with E(zt) ¼ 0 and
var(zt) ¼ 1. By definition, 1t is serially uncorrelated with a mean equal to 0, but its
conditional variance st is measured with respect to time t 2 1 information set. The
conditional variance of ARCH (q) can be expressed as:
s 2t ¼ a0 þ aðLÞ12t ð3Þ
where a0 . 0, aðLÞ ¼
Pp
i¼1L
i12t with ai $ 0 for all i. The ARCH model is used to
describe volatility clustering. The conditional variance of 1t is indeed an increasing
function of the squared of the shock that occurred in t 2 1. Consequently, 1t was large
in absolute value, and s2t thus 1t is expected to be large (in absolute value) as well.
Owing to the empirical evidence that a high ARCH order has to be selected to assess
the dynamics of the conditional variance, there is a cost involved in estimating more
parameters. Bollerslev (1986) later extends the ARCH model to GARCH, which can be
expressed as follows:
s 2t ¼ a0 þ aðLÞ1t þ bðLÞs2t ð4Þ
where bðLÞ ;Pqj¼1Lj with bj $ 0 for all j. We could rearrange equation (4) as:
½a0 2 aðLÞ2 bðLÞ12t ¼ a0 þ ½12 bðLÞ 12t 2 s 2t
  ð5Þ
To ensure conditional variance to be non-negative, it is assumed that all the roots of the
polynomial [1 2 b(L)] lie outside the unit circle. The GARCH( p,q) model is covariance
stationary if all the roots of 12 aðLÞ þ bðLÞ lie outside the unit circle. To take into
account of a unit root in the autoregressive polynomial ½a0 2 aðLÞ2 bðLÞ, Engle and
Bollerslev (1986) introduced the IGARCH model which is expressed as:
fðLÞð12 LÞ12t ¼ aþ ½12 bðLÞ 12t 2 s 2t
  ð6Þ
where fðLÞ ¼ ½12 aðLÞ2 bðLÞð12 LÞ21. In IGARCH process, current information
remains of importance when forecasting the volatility for all horizons.
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The GARCH or IGARCH models are able to describe certain properties of economics
time series, such as volatility clustering and excess kurtosis[1].
However, several recent studies have reported the existence of long memory in the
autocorrelations of some power of absolute returns. These studies find that even if the
GARCH specification is able to explain the short-run pattern of volatility, it fails to
match the long-run volatility persistence. Motivated by this evidence of a long-memory
component in volatility, Baillie et al.(1996) (BBM model) proposed the FIGARCH model
by replacing the first difference operator of equation (6) with the fractional difference
operator (1 2 L)d as follows:
fðLÞð12 LÞd12t ¼ a0 þ ½12 bðLÞ 12t 2 s 2t
  ð7Þ
where the parameter d is allowed to be any real number between 0 and 1. Rearranging
the terms in equation (7), an alternative representation for the FIGARCH( p, d, q) model
can be obtained as:
s 2t ¼ a0½12 bðLÞ21 þ ½12 ½12 bðLÞ21fðLÞð12 LÞd12t ð8Þ
All the roots of f(L) and [1 2 b(L)] lie outside the unit circle. Persistence of shocks to
the conditional variance, or the degree of the long-term dependencies is measured by
the parameter d. The FIGARCH process nests the GARCH process for d ¼ 0 and
IGARCH process for d ¼ 1 as special cases. The cumulative impulse response weights
are given by the coefficients in the lag polynomial, l(L):
lðLÞ ¼ 12 ½12 bðLÞ21fðLÞð12 LÞd ð9Þ
The fractional differencing operator, (1 2 L)d, has a binomial expansion which is most
conveniently expressed in terms of the hypergeometric function as follows:
ð12 LÞd ¼ Fð2d; 1; 1; LÞ ¼
X1
k¼0
Gðk2 d Þ
Gðkþ 1ÞGð2d Þ L
k ð10Þ
This process is not covariance stationary but it is strictly stationary and ergodic for d
be any real number between 0 and 1 (Bollerslev and Mikkelsen, 1996).
On the other hand, empirical works in modeling the conditional volatility of stock
prices has found that the stock volatility responds asymmetrically to positive versus
negative shocks (Engle and Ng, 1993). This suggests that stock returns are negatively
correlated with changes in return volatility, i.e. volatility tends to rise in response to “bad
news” (lower returns than expected) and to fall in response to “good news” (higher
returns than expected). Nelson (1991) was the first to formally model this potential
asymmetry, followed by several extensions of such model. However, the model
introduced by Ding et al. (1993) which is known as the asymmetric power
ARCH (APARCH) couples the flexibility of a varying component with asymmetry
coefficient and is shown to nest at least seven other ARCH extensions as special cases.
The APARCH ( p, q) model can be expressed as follows:
sdt ¼ a0 þ
Xq
i¼1
ðaij1t2ij2 gi1t2iÞd þ
Xp
j¼1
bjs
d
t2j ð11Þ
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where d . 0 and21 , gi , 1 ði ¼ 1; 2; . . . ; qÞ. Asymmetric or leverage effect in this
model is captured by the gi term. For an APARCH (model, when g . 0, negative shocks
lead to higher volatility, vice versa. AnAPARCH( p, q) model of asymmetric differs from
otherGARCH type volatility models with the introduction of the power term, d, which is
to be estimated. The introduction and estimation of the power term is an attempt to
account for the true distribution underlying volatility. The idea behind the introduction
of a power term arose from the fact that in modeling financial data, the assumption of
normality, which restricts d to either 1 or 2, is often unrealistic due to significant
skewness and kurtosis. Allowing d taking the form of a free parameter to be estimated
removes this arbitrary restriction.
Tse (1998) proposed the fractionally integrated APARCH (FIAPARCH) model,
which extended the FIGARCH model by adding the function ðj1ij2 gi1tÞd of the
APARCH model to capture the asymmetry and the long-memory properties in the
conditional variance. The FIAPARCH can be expressed as:
sdt ¼ a0 2 ½12 bðLÞ21 þ ½12 fðLÞ½12 bðLÞ21ð12 LÞdðj1ij2 gi1tÞd ð12Þ
where d, l, and g are the parameters of the model. The FIAPARCH model can capture
some well-known stylized fact of volatility:
. for 0 , d , 1, volatility displays the long-memory property;
. when g . 0, negative shocks give rise to higher volatility than positive shocks,
vice versa;
. the power term d of returns for the predictable structure in the volatility pattern
should be determined by the data; and
. the FIAPARCH model also nests the FIGARCH model when d ¼ 2 and g ¼ 0.
Thus, the FIAPARCH model is superior to the FIGARCH model because it can capture
asymmetry and long memory in the conditional variance (Tse, 1998).
In order to test for the presence of asymmetric response of volatility to negative shocks,
the Engle and Ng (1993) diagnostic tests for asymmetry in volatility are conducted. Engle
and Ng designed three tests to determine possible misspecification of the conditional
variance equation. These tests are called sign bias test (SBT), negative SBT (NSBT) and
positive SBT (PSBT). The SBT detects whether positive and negative return shocks of the
same magnitude produce the same amount of volatility; the NSBT examines whether
negative return shocks of different magnitude (size, like large, and small) have different
impact on volatility; while the PSBT focuses on the different effects that large and small
positive return shocks have on volatility. For this purpose, an indicator dummy variable
S2t21 is defined to take the value of 1 if 1^t21 , 0 and 0 otherwise (and S
þ
t21 ; 12 S
2
t21).
Engle and Ng (1993) propose to run the following regressions:
12t ¼ aþ a1S2t21 þ et ð13Þ
12t ¼ bþ b1S2t211t21 þ et ð14Þ
12t ¼ gþ g1Sþt211t21 þ et ð15Þ
and test the significance ofa1,b1, andg1 through a t-test. A joint test for sign and size bias
(JTSB) based on the regression is also proposed as follows:
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12t ¼ aþ b1S2t21 þ b2S2t211t21 þ b3Sþt211t21 þ et ð16Þ
where the null hypothesis that the volatility model used is correct holds when
b1 ¼ b2 ¼ b3 ¼ 0. The t-ratios of these three coefficients are test statistics for the three
types of bias. A joint test statistic is defined in Lagrange Multiplier fashion as equal to
nR 2 from equation (16). It follows a x 2 distribution with three degrees of freedom.
We estimate all the models using the quasi-maximum likelihood estimation (QMLE)
method as implemented by Laurent and Peters (2002) in Ox. To obtain robust inference
about the estimated models, we compute the robust standard errors as suggested by
Bollerslev and Wooldridge (1992)[2]. Since the distribution of the Kuala Lumpur
Composite Index (KLCI) return series are far from normal as indicated in the preliminary
analysis in the next section, all the estimations are based on the student-t distribution.
3. Data preliminary
The study uses the daily KLCI which is the benchmark index for the Malaysian stock
market – the KLSE. A total of 3,464 data observations is being considered, covering
the period from April 15, 2004 to April 30, 2007. Following the standard practice, the
stock returns are defined as rt ¼ ð pt 2 pt21Þ*100, where pt is the log of the index at
time t. Figure 1 shows the graphs of the daily KLCI returns, absolute returns and
squared returns over the sample period. It can be observed from the graphs that
relatively volatile periods, characterized by large price changes, alternate with more
tranquil periods in which the index remains more or less stable. This indicates that
large index returns (both positive and negative) seem to occur in clusters and so does
volatility. The volatility clustering phenomenon which is typical of asset prices and
exchange rates seems to occur in the KLSE as well.
Summary statistics for the index returns are given in Table I. The table indicates
that daily returns have small positive means and medians over the sample period. One
of the usual ways of getting an idea on the distribution of a time series is to look at the
kurtosis and skewness and compare them with that of a normal random variable. The
last two rows of Table I indicate that the kurtosis of the daily returns is much larger
than that of a normal random variable. This reflects the fact that the tails of the
distribution of index returns are fatter than the tails of the normal distribution, which
in turn means that large observations occur more often than one might expect for a
normally distributed variable.
Since any symmetric distribution have skewness equal to 0, Table I indicates that
the distribution of daily index returns is asymmetric. The positive value of skewness
indicates that for the KLSE stock returns, the right tail of the distribution is fatter than
the left tail, or large positive returns tend to occur more often than large negative ones.
Again, this observation indicates that daily KLCI stock return distribution is far from
being normal.
To gain some insights into the dependence structure of the series, Figure 2 shows the
first 200 autocorrelations for the daily stock index, index returns, absolute returns and
squared returns together with two-sided 5 percent critical values (^1.92T21/2 where T
is the sample size). The asymptotic critical values are not strictly valid for a process with
ARCH effects, still they may be considered to be useful as guidelines. It is clear from the
figure that the KLCI log index has autocorrelations close to unity at all selected lags and,
hence, it seems to mimic the correlation properties of a random walk process.
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There is a small, positive but significant first-order autocorrelation in the stock index
returns, while higher orders are not significant at conventional levels. On the other
hand, for the absolute returns and squared returns, the autocorrelations start-off at a
moderate level (about 0.42) but remain significantly positive for a substantial number
of lags.
Moreover, autocorrelation in the absolute returns is generally somewhat
higher than the autocorrelation in the squared returns. This illustrates what has
become known as the “Taylor property” (Taylor, 1986), that is, when calculating
Figure 1.
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the autocorrelations for the seriesR d for various values of d, one almost invariably finds
that autocorrelations are the largest for d ¼ 1.
As evident in Figure 2, autocorrelations for the absolute returns are not only larger
than those of squared returns, but also more persistent in the sense that they decay much
more slowly. The autocorrelations in absolute and squared returns seem to mimic the
correlation properties of a long-memory processes rather than a short-memory
stationary process for which autocorrelations decay to zero at an exponential rate.
In addition, the very slow decay of the autocorrelations in absolute and square returns
indicates that linear association between distant observations is somewhat persistent
and autocorrelations decay at a hyperbolic rate. This describes the behavior
Figure 2.
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Mean 0.020
Median 0.026
Maximum 20.817
Minimum 224.153
Variance 1.592
Skewness 0.508
Kurtosis 43.857
Table I.
Summary statistics
of KLCI
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of autocorrelations in absolute and squared returns are consistent with the time series
models with long-memory or long-range dependence. These descriptions about the
characteristics of autocorrelations in the KLCI, index returns, absolute and squared
returns are in conformity with the findings from developed stock markets (Ding et al.,
1993). We also present the modified R/S test and GPH test results for the KLCI returns
and its absolute returns in Table II. Both tests indicate that absolute returns have
stronger long-range dependence, which is in conformity with our autocorrelation
observations. In this paper, the first-order version of the aforementioned process is
considered, namely GARCH(1, 1), IGARCH(1, 1), APARCH(1, 1), FIGARCH(1, 1) and
FIAPARCH(1, 1).
4. Empirical results
In light of the discussion in the previous section, and given that the data used represent
index returns at daily intervals, it is possible to have “stable” returns due to the
components of the index that are not traded at the same time. The degree of predictability
of the mean is marginal and has minor consequences for the conditional variance. In this
study, our focus is to model the conditional variance rather than the conditional mean.
Therefore, conditional variance of the KLCI index returns are modeled by the
FIAGARCH process which allows one to consider persistence in the autocorrelations of
index returns as well as volatility clustering phenomenon.
We begin by using the first development in this area, the GARCH model. We then
proceed to an elaborated model designed to test for the existence of a unit root in the
second moment, the FIGARCH model. These models would enable us to come up with
more conclusive findings. Following most of the empirical studies, we estimate our
benchmark model of GARCH (1, 1). The estimation result for the GARCH (1, 1) model is
presented in column 1 of Table III[3]. It shows that all of the coefficients concerning the
GARCH parameters are highly significant. We also estimate GARCH (1, 2) and GARCH
(2, 1) models, but it turns out that the additional coefficient in the GARCH (1, 2) model is
insignificant even at 10 percent level and the additional coefficient in the GARCH (2, 1)
model is negative. Indeed, most applied works have frequently demonstrate that the
GARCH (1, 1) model is able to represent a majority financial time series, as in the case
of this study.
Another interesting fact that is apparent from a visual inspection of our GARCH
model is that the sum of a1 and b1 is more than unity, which is suggestive of IGARCH.
So we proceed to test IGARCH model where we impose the restriction of a1 þ b1 ¼ 1.
The estimates for the restricted IGARCH (1, 1) model in the second column of the table
are very similar to the results for the GARCH (1, 1) model. The estimated maximum
value of the likelihood function is identical, indicating that there is no significant
difference between these two models. According to the values of the Ljung-Box tests
for serial correlation in the standardized and squared standardized residuals, there is
no statistically significant evidence of misspecification. However, the Engle and Ng
Test KLCI returns KLCI absolute returns
Modified R/S 1.8694 * 4.1015 * *
GPH 2.0928 * 4.1193 * *
Table II.
Modified R/S and GPH
test results for KLCI
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GARCH type model
estimation results for
daily KLCI index returns
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(1993) SBT indicates that there is some leverage effect in the results. Consequently,
we estimate the APARCH (1, 1) model of Ding et al. (1993). The estimation results are
shown in the model 3 of Table III. It shows that all the estimated coefficients are very
significant. In particular, the estimated d is significantly different from 2 with GARCH
model. The significant coefficient asymmetric term indicates that the leverage effect
does exist in the Malaysian equity market. Let L1 be the log-likelihood value under the
null hypothesis the true model is the GARCH (1, 1) and let L2 be the log-likelihood
value under the alternative that the true model is APARCH (1,1). The
2(LogL1 2 LogL0) have a x
2(2) distribution when the null is true. In our case, the
calculated likelihood ratio (LR) is 45.18, in which we are able to reject the null
hypothesis at 1 percent level of significance, indicating that the data are generated by a
GARCH process in favor of the more flexible APARCH model. This implies that a more
flexible model should be used.
Very interestingly, the result shows that sum of coefficients ofa1 andb1 is more than
unity; this leads us to further investigate the persistence of volatility with the FIGARCH
models. Thus, we proceed with the estimation of a FIGARCH (1, 1) model, and the
estimation result is presented under the model 4 of Table III. It is shown that the
parameter describing the conditional mean is positive and that the parameter describing
the long memory in volatility, d is also extremely significant with a value estimated
equals to 0.509. This shows that neither the GARCH nor IGARCH models are the correct
specifications for the conditional variance. Thus, any attempt to using either estimation
would produce specification error. Baillie et al. (1996) report the effects of estimating
stable GARCH processes where the true data generating process is FIGARCH. The sum
of the estimated GARCH (1, 1) parameters is always close to one (as above) which implies
IGARCH behaviour and suggests that the apparent widespread IGARCH property so
often found in high-frequency studies of financial data may well be spurious. The
IGARCH process is indeed poor at distinguishing between integrated versus
long-memory formulations of conditional variance.
The FIGARCH model, however, is unable to capture the leverage effect shown by the
SBT. We re-estimate a FIAPARCH (1, 1) model to account for the leverage effect. The
result is shown in the model 5 of Table III. The LR test statistics for FIAPARCH (1, 1) and
FIGARCH (1, 1) are 37.64 allows us to reject null hypothesis that the true model is
FIGARCH (1, 1) in favor of FIAPARCH (1, 1) model. As we can see, all the coefficients
except the a term are statistically significant. The fractional parameter d and
asymmetric parameter (d) are positive and significant. This highlights the fact that, not
only are there are long-memory effects but there are also asymmetry effects that should
be taken into account. In addition, based on the LR test, we find that the fractionally
integrated models provide statistically significant improvement over the non-integrated
models. The LR statistics for FIGARCH (1, 1) versus GARCH (1, 1) is 45.82 and for
APARCH (1, 1) versus FIAPARCH (1, 1) are 38.68. Additionally, it can be seen from
Table III that the FIAPARCH specification outperforms other specification in terms of
dialogistic statistics. For instance, both AIC and SIC information criteria select the more
flexible model and are in favor of the FIAPARCH model. The standardized residuals
from the more flexible model exhibit less skewness and kurtosis than those of restricted
models. Both the FIGARCH and FIAPARCH specifications do a better job in terms of
taking care of persistence in the conditional volatility, while the FIAPARCH model
outperform the FIGARCH model based on the LR test. Generally, the APARCH
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and FIAPARCH models are better in taking care of the asymmetric effect as shown by
the Engle and Ng (1993) diagnostic tests. The Ljung-Box test statistics also indicate that
the FIAPARCH specification does a better job than other specifications.
5. Conclusion
This paper investigates the existence of asymmetric effect as well as long-memory
properties in the ECM based on Malaysia stock market data. Based on parametric and
non-parametric approaches, there are evidences pointing towards the existence of long
memory in the volatility of the stock returns. Our study shows that the traditional
ARCH/GARCH is insufficient in modeling the volatility persistence in the emerging
stock market such as Malaysia. The use of IGARCH model is also too restrictive. When
the FIGARCH model is used, the results show that the fractional parameter is
significantly different from 0 and 1. This is consistent with the case of developed
countries’ stock markets. Our result also shows that the FIGARCH is still insufficient to
consider the existence of asymmetric effect. Instead, the FIAPARCH specification gives
a better result. Essentially, the volatility of the Malaysian stock market not only has
long-memory properties but also shows asymmetry effect.
The evidence of long-memory component presented in this study may indicate that
financial security prices are not immune to persistent informational asymmetry,
especially over a long-time span. Following Anderson and Bollerslev (1997), if we
interpret the volatility as a combination of heterogeneous information arrivals, then it
may be argued that despite the short-memory information arrivals, the conditional
variance of stock return exhibit long-memory characteristics.
Notes
1. Empirical evidence has frequently demonstrated that GARCH (1, 1) process is able to
represent a majority of financial time series. A dataset which requires a higher model of
GARCH is very rare.
2. Bollerslev and Wooldridge (1992) and Lee and Hansen (1994) have shown the consistency
and asymptotic normality of the QMLE for GARCH (1, 1) model, while Baillie et al. (1996,
2001) have shown by simulation the consistency and asymptotic normality of the QMLE for
FIGARCH model. It is also worth noting that asymptotic properties of QMLE for APARCH
and FIAPARCH process have not been formally established yet.
3. Since all of the components of the index do not trade at the same time, there is a lack of
synchronization that will generate serial correlation (Lo and Mackinlay, 1990). Thus, it has
been argued that an alternative model would parameterize the conditional mean function as
an MA(1) rather than an AR(1). Our estimation also shows that both AR(1) and MA(1)
perform similarly in terms of removing the serial correlation. As such, we consider the AR(1)
model as the most appropriate model for the mean.
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